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What is Person Re-Identification?
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The higher the probability, the more likely it is that they are the same person. : — - |
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Why Is 1t hard to retrieval infrared images with visible images?

Histrogram of visible image

700
600
w
v 500
v
[ =
s
£ 400
=
@
g 300
2]
O
Q 200
100
0 10 20 30 %0
Color Gradient
Histrogram of infrared image
800
w
$ 600
£ S 3
=
2
j—
0 400
15
o
(o]
O

g

0 30 0
Color Gradient

R, G, B
Wavelength:400nm-700nm
Abundant color

Further challenges

Infrared images
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Motivation

Although existing VI-RelD methods achieve encouraging achievements, their development in real-world

scenarios remains limited.

Existing settings:
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Designed Protocols in Our L2ZRW Benchmark

Privacy level

» Camera Independence (Cl) : all camera data remains isolated, which simulates the High

most strict setting where no data sharing occurs across every single device.

> Entity Independence (El): Data from different entities is kept isolated during training,
and the model is trained using a decentralized way. Then evaluate the trained model

On an unseen entity to assess its generalization ability.

» Entity Sharing (ES): Data from different entities is shared during training, and the

model is evaluated on an unseen entity to assess its generalization ability. Low



New Issues Encountered Under Data Independence (Cl & El)

» Domain shift: P;(x|y) # P;(x|y). Pedestrian
Images on different clients will exhibit the non-

lid (Independent and identically distributed)

pedestrian images can fall into three scenarios:

Client b — Modality incomplete Issue, where the corresponding feature
“ distributions are different clients.
Do”.‘a'L » Modality incomplete: For an individual client,
shift !

only visible, only infrared, or both visible and

infrared.

> |dentity missing: P;(¥) # P;(y¥). The subject is

Clientn | 9 [-+] 7 > |dentity missing hard to appear in all cameras or entities.




Our Decentralized Privacy-Preserved Training (DPPT) Method

Preprocess: As mentioned before, existing VI-RelD methods adopt dual-stream architecture, which cannot
be compatible with the Cl protocol due to the challenges posed by modality incomplete. So we convert
the two-stream structure into one-stream architecture and only sample images according to identity
rather than identity and modality.
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Figure 2. Protocols and proposed method. (a) are the protocols of camera independence (CI) and entity independence (EI) for privacy-
preserved VI-RelD. Another our proposed protocol entity sharing (ES) is omitted in the figure, cause its training way is the same as that
used in existing VI-ReID methods. (b) is the local training of our proposed decentralized privacy-preserved training (DPPT).
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Algorithm 1: DPPT

Upload

O (e )
()OI x [ @]

Input : The number of clients n, initial global

model parameters 69, private local model
parameters {6},65, ...,6% }, local private
datasets { D1, D>, ..., D,, }, and the number
of training epochs E.

Output: The global model parameters 69 for test.
fore =1t E do

form=1,2,...,ndo

| 6., M., « ClientTraining(69, D,, M?);

// Upload and aggregate the
local models

| D l.
09 < >y Sr_,1D; KE
// Upload and aggregate the

local memory banks

M9 {cf = 2o Liep 0y &
m=1 1{em 0}

o I}

CllentTrammg(G , Dy, M9):

ol

< 09 // Download the global model
to the local model

for (z;,v;) € D,, do

2 = fm(xz),lz = gm(zi);

Leir < (2i,Yi), Lia < (i, y3) 5
ML« z; via Eq.(3,4);

Loy — (ML, M9) via Eq.(6);
L= £'L'd + Ec'i,’r‘ + )\Cmrb;

6. «— 0. —nVL;

return 6!, M! ;




Comparison Experiment

Table 1. Evaluation of our DPPT under CI protocol. Note that existing VI-RelD methods cannot directly be applied to the CI protocol as
their frameworks are designed for data-shared learning. Thus, we implemented four classic federated learning algorithms as baselines to
verify the efficacy of our method: FedProx [19], Fednova [37], Moon [18], and FedAvg [23]. Evaluating metrics rank-1(%), rank-10(%),
mAP(%), and mINP(%) are reported. AGW' and DNS' are the reproduced VI-ReID method that removes the modality information.

SYSU-MMOI1 [38] RegDB [24] LLCM [49]
Methods =11 =101 mAP1+ mINP* | r=11 =101 mAP} mINPT | r=11 r=107f mAP%  mINP?}
FedProx [19] | 2590  68.83 27.48 17.18 2562  44.19 25.96 17.80 2372 53.95 30.59 27.69
+AGW' [44] 2150  62.59 23.07 13.89 2082 3894 21.57 14.35 2465 5598 31.62 28.45
+DNS' [14] 36.11 7829 35.22 22.02 4675  69.27 43.06 28.99 2635  57.00 32.88 29.54
+DPPT (Ours) | 3816  81.54 38.15 25.17 5133 7143 48.93 36.15 2746 5933 34.60 31.44
Fednova [37] | 29.15  74.00 31.34 20.77 2050  35.00 22.15 16.41 - - - -
+AGWT [44] 200  64.15 23.52 13.54 13.83 2547 15.92 12.21 - - - ;
+DNST [14] 4079  83.14 41.01 27.87 4670  68.15 43.40 29.92 - - - ;
+DPPT (Ours) | 5037  88.92 48.67 33.65 59.67  78.36 55.17 41.12 - - - ;
Moon [18] 2688  71.65 29.54 19.55 1996  34.19 21.54 15.93 2502  57.58 32.34 29.25
+AGWT [44] 2079  62.57 22.44 12.80 11.19  20.56 13.44 10.46 2360  55.98 31.62 28.45
+DNS' [14] 38.18 8131 38.94 26.53 4360  65.46 40.33 27.87 2955  60.82 36.64 33.52
+DPPT (Ours) | 46.78  87.40 45.99 31.74 5322 73.01 49.27 35.46 32.66  64.83 39.78 36.41
FedAvg [23] 2751 7226 29.98 19.79 1907 3295 21.05 15.61 2624 5931 33.52 30.24
+AGWT [44] 2165  63.13 23.25 13.45 1417 2384 15.89 12.10 2431 5451 30.66 27.19
+DNST [14] 39.60  81.96 40.09 27.64 4848  69.76 45.30 31.51 3079 6229 37.81 34.66
+DPPT (Ours) | 5127  88.55 49.29 34.47 5985  77.58 55.58 41.70 3469 6720 41.91 38.48

We reproduced four classic FL algorithms and found that methods proposed after FedAvg even performed
worse than FedAvg under the Cl protocol. The reason is that these FL methods are general methods and
ignore the unique challenges of VI-RelD.



Comparison Experiment

Table 2. Evaluation of our DPPT under EI and ES protocols. The upper part of the table is under ES, while the lower part is under EI. The

underlined and bold indicate the best results for both protocols, respectively. B is the baseline using ERM with £;4 and L., under ES, B
denote the baseline using FedAvg supervised by L;4 and L. under EI. We use R, L, and S to denote RegDB, LLCM, and SYSU-MMO01
datasets, respectively. The left of — indicates seen entities and the right is the unseen entity.

R [24] + L [49] — S [38] L [49] + S [38] — R [24] R [24] + S [38] — L [49]
Methods; | Baram., FLOBS IS w0 mAPT mINDT || =0T =101 m@APT MINPT | =LT =107 HAPT mINET
B 2350 1034 | 863 3626 957 401 | 17.08 3432 17.69 11.15 | 874 2683 1223  9.78

LBA [26] 23:55 10.36 8.09 34.63 9.55 4.29 12.01 28.65 11.69 6.01 838 26.80 12.20 9.90
AGW [44] 23:55 1036 | 9.59 3828 1042 4.45 13.79 29.76  14.05 825 9.08 2677 12.37 9.80
DEEN [49] 4123 2770 | 948 3839 10.03 3712 19.42 37.59 19.44 12.33 | 10.50 2941 14.09 11.48
CAJ [43] 2355 1036 | 1090 40.57 11.18 4.39 16.55 37.23 17.40 10.74 | 11.35 31.17 15.03 12.10
DNS [14] 25.45 1036 | 11.756 42.36  11.77 4.56 18.87 37.79 18.36 10.56 | 10.14 28.47  13.55 10.94

Bf 23.50 5.17 972  38.21 10.74 4.75 1537 2995 16.77 10.90 897  26.81 12.85 10.62
BT+CA 23.50 5.17 10.10 3934 10.73 4.19 17.61 3358 17.73 11.31 1440 35.87 18.89 16.30
DPPT (Ours) | 23.50 5.17 11.27 41.20 11.86 5.34 21.54 4037  20.72 12.78 | 14.63 37.03 19.15 16.44

While most methods slightly outperform our baseline B, the differences are minimal, and overall rank-1 accuracy
remains low. This suggests that current VI-RelD methods still have limited capabillity in handling unseen
environments.

The baseline results under the El protocol are similar to those under the ES protocol, indicating that decentralized
training does not significantly impact the model's ability to generalize to unseen environments.



Experiments

Ablation study under the Cl protocol:

Table 3. Ablation studies on SYSU-MMO01 and LLCM datasets.
The light purple is our final choice setting.

_ SYSU-MMOI [38] LLCM [49]

Settings r=17 mAPT mINP1 | r=17 mAP{ mINP+
B 2751 2998 1979 | 2624 3352  30.24
B+CA 3947 3978 2695 | 3047 3730  34.09
B-+gray 3525 3616  24.03 | 2933 3629  33.06
B+CA+L,,,5(cos) | 51.27 4929 3447 | 34.69 4191 3848
B+CA+L,,»(edu) | 4379 4400 3077 | 3345 4062 3735
B+CA+L,,,,(mixed) | 47.82 4755 3394 | 3441 4156  38.09

Privacy evaluation:

Table B. Evaluation on various attacks.

Attack r=1171 r=101

mAP 1 mINP 1

image(100%)  46.36'*91  87.32+1%
gradient(33%)  42.82'%4°  84.99+3-°6
gradient(66%)  32.20*'7°7  75.00+'%°°
gradient(83%)  24.00+%7-?7  65.35+%3:20
gradient(100%)  4.90+%%37 227646579

46.531270 3321412
42.574672 29,1057
32'74¢16.55 20.95J,13.52
253212397 151241955
6.10J,43.19 3.16‘]’31'31
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Figure A. Visualization of gradient inversion.



Visualization
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Figure 3. t-SNE and intra-inter distances visualization of each component. The circles and triangles denote the visible and infrared
modality, respectively. Different colors denote different identities.
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Conclusion

» We propose a benchmark named L2RW to simulate privacy-preserving real-world VI-RelD scenarios.
Within the L2ZRW benchmark, we design three protocols, i.e., Cl, El, and ES, which simulates scenarios
with different privacy constraints, bring VI-RelD evaluation closer to real-world conditions.

» We analyze the challenges encountered under the Cl and El protocols and propose a unified method
named DPPT, which is the first work that handles privacy concerns for VI-RelD in a decentralized
manner.

» In our L2RW benchmark, unlike existing methods that validate solely on a single dataset, we merge
several existing datasets and conduct the evaluation in a cross-domain manner to simulate the real-
world scenarios.

» Extensive experiments on three public VI-RelD datasets confirm the feasibility of decentralized training
iIn L2ZRW, with our method achieving significant improvement on various federated learning baselines

under Cl. We also show that DPPT achieves performance under El comparable to that of ES.



Thanks for watching!

Contact: yan.jiang@oulu.fi




